In this paper we explore the skill of hyperspectral reflectance measurements and vegetation 19 indices (VIs) derived therefrom in estimating carbon dioxide (CO 2 ) fluxes (net ecosystem 20 exchange -NEE; gross primary production -GPP), and some key ecophysiological variables 21 related to NEE and GPP (light use efficiency -; initial quantum yield - and GPP at 22 saturating light -GPP max ) of grasslands. Hyperspectral reflectance data (400-1000 nm), CO 2 23 fluxes and biophysical parameters were measured at three grassland sites located in European 24 mountain regions using standardized protocols. The relationships between CO 2 fluxes, 25 ecophysiological variables and VIs derived using all two-band combinations of wavelengths 26 2 available from the whole hyperspectral data space were analysed. We found that hyperspectral 1 VIs generally explained a large fraction of the variability in the investigated dependent variables 2 and that they generally exhibited more skill in estimating midday and daily average GPP and 3 NEE, as well as GPP max , than  and . Relationships between VIs and CO 2 fluxes and 4 ecophysiological parameters were site-specific, likely due to differences in soils, vegetation 5 parameters and environmental conditions. Chlorophyll and water content related VIs (e.g. CI, 6 NPCI, WI), reflecting seasonal changes in biophysical parameters controlling the photosynthetic 7 process, explained the largest fraction of variability in most of the dependent variables. Band 8 selection based on a combination of a genetic algorithm with random forests (GA-rF) confirmed 9 that is difficult to select a universal band region suitable for describing ecophysiological 10 parameters, CO 2 fluxes and biophysical variables across the investigated ecosystems. Our 11 findings have major implications for up-scaling terrestrial CO 2 fluxes to larger regions and for 12 remote and proximal sensing sampling and analysis strategies and call for more cross-site 13 synthesis studies linking ground-based spectral reflectance with ecosystem-scale CO 2 fluxes. 14 15
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Introduction 16
Understanding the mechanisms that drive the carbon dioxide (CO 2 ) exchange of terrestrial 17 ecosystems is one of the main challenges for ecologists working on climate change (Beer et al., 18 2010). Plant gross photosynthesis, also referred to as gross primary productivity (GPP), is one of 19 the major components of the global carbon cycle. It interacts in complex ways with 20 environmental factors such as radiation, nutrients, soil moisture, vapor pressure deficit, air 21 temperature and soil temperature (Drolet et al. 2005 ). Plant biochemistry and structure determine 22 many fundamental ecosystem patterns, processes and dynamics (Lambers et al. 1998 ; Waring 23 and Running 1998). The canopy nitrogen content regulates the canopy photosynthetic capacity 24 and the canopy light use efficency () (Ollinger et al., 2008) . In addition, the canopy chlorophyll 25 content plays an important role in controlling ecosystem photosynthesis and carbon gain (Peng et  26 al., 2011; Gitelson et al., 2006) . 27 Optical remote sensing can help ecologists in qualitatively and quantitatively assessing plant and 28 canopy properties (e.g. biomass (Vescovo et al. 2012 reflectance model (Verhoef et al., 1984) and the PROSPECT leaf optical properties model 14 (Jacquemoud and Baret, 1990 ). Such models can be used for identifying regions of the light 15 spectrum that are of particular importance for specific biophysical properties of vegetation. The 16 sensitivity analysis of the PROSAIL model demonstrated that the red-edge region (between 680 17 nm to 730 nm) of the spectrum is sensitive to the leaf chlorophyll content and leaf area index 18 (LAI) (Baret et al., 1992) . It is also well accepted that an increase of LAI includes a decrease of 19 reflectance in the red and an increase in the near-infrared (NIR) region (Jacquemoud, 1993) . In 20 the NIR region, effects of LAI and the leaf angle distribution equally contribute to the reflectance 21 response (Bacour et al., 2002a) . NIR reflectance between 800 nm and 850 nm is also related to 22 canopy N content (Ollinger et al., 2008; Knyazikhin et al., 2012) . In addition, the combination of 23 the reflectance in NIR and in the short wave infrared region (SWIR) is correlated with canopy 24 water content (Colombo et al., 2008) , but the reflectance between 1000 nm and 1400 nm is also 25 highly sensitive to LAI. So, some attention is needed when these spectral regions are used to 26 retrieve water content considering that the canopy properties in a given ecosystem often co-vary 27 (Bacour et al., 2002b) . 28 The drawback of such an approach consists in the fact that the process of building a model 29 implies approximations and assumptions. For this reason we opted for a purely data based 30 approach such as the hyperspectral index approach. This method consists of the use of spectral 1 vegetation indices (VIs) defined as spectral band ratios, or normalized band ratios between the 2 reflectance in the visible (VIS) vs. NIR region or VIS vs. VIS or NIR vs. NIR. 3 The typical optical sampling approach, which is linking spectral observations with CO 2 fluxes, is 4 based on the Monteith equation (1972, 1977) : 5 GPP = ε * PAR * fAPAR
( 1) 6 where  is the light use efficiency and fAPAR is the fraction of absorbed photosynthetically 7 active radiation); both  and fAPAR can be retrieved by remote optical observations. A wide 8 number of VIs that can potentially be used to model the productivity of terrestrial ecosystems (as 9 affected by environmental conditions (Soudani et al. 2014) . 28 Whereas previous studies have demonstrated the ability of remote sensing data to allow 1 modelling ecosystem GPP at ecosystem scale (e.g. Gianelle The overarching objective of the present paper is thus to develop a common framework for 18 predicting grassland carbon fluxes and ecophysiological parameters based on optical remote 19 sensing data across measurement sites exposed to diverse natural (climate) and anthropogenic 20 (management) factors. To this end we combine eddy covariance CO 2 flux measurements with 21 ground-based hyperspectral reflectance measurements for six different grasslands in Europe. In 22 order to make the optical and fluxes measurements comparable, these were acquired at the six 23 sites following a common protocol resulting in a unique standardized data set. We focused on 24 scale requires a modelling approach, typically based on or supported by remotely sensed data. 1 Therefore, we believe that this study will improve the current knowledge on modelling the 2 carbon dynamics of European grasslands. 3 4 2 Materials and methods 5
Experimental site description 6
This study was carried out at six experimental mountain grassland sites in Europe covering 7 different climatic and grassland management conditions existing in the mountain regions of 8 Europe, which were already part of the preceding study by Vescovo et al. (2012) . This dataset 9 combined in-situ hyperspectral, biophysical and flux measurements based on common protocol 10 (for more details see sect. 2.2, sect. 2.3 and sect. 2.4). This dataset is unique since no common 11 protocol for hyperspectral measurements exists in the various eddy covariance networks (e.g. 12 FLUXNET). In this study, three of these sites (Amplero, Neustift and Monte Bondone, see 13 Table 1 ) composed the main dataset used in the analysis, while the other three sites (Table S2 in  14 Supplemental section) were used to independently validate the models obtained with the main 15 dataset. 16 
17
Main study sites (Table 1) : 18
Amplero 19
The Amplero site is situated in the Mediterranean Appennine mountain region of Italy (41.90409 20 N, 13.60516 E) at 884 m a.s.l.. This site is characterized by mild, rainy winters and by an intense 21 drought in summer. Amplero is managed as a hay meadow with one cut in late June and 22 extensive grazing during summer and autumn. 23
Monte Bondone 24
The Monte Bondone site is situated in the Italian Alps (46.01468 N, 11.04583 E) at 1550 m 25 a.s.l.. This site is characterized by a typical sub-continental climate with mild summers and 26
Biophysical and biochemical canopy properties 1
Samples for dry phytomass, nitrogen and water content measurements were collected at the time 2 of the hyperspectral measurements in the field of view of the hyperspectral sensor (see Vescovo 3 et al. 2012 for more details). A similar dataset was collected in 2013 at Monte Bondone by 4 combining hyperspectral data with chlorophylls measurements. Chlorophylls samples were 5 collected in the field of view of the hyperspectral sensor and chlorophylls content was detected 6 by UV-VI spectroscopy. First, the samples were grinded in presence of liquid nitrogen and then 7 immersed in 80% acetone solution (0.1 g per 10 ml), shaken for 10 min in an automatic shaker at 8 250 rpm (Universal Table Shaker calculated as proposed by Lichtenthaler (1987) . The weight of sampled sediment was used to 13 calculate pigments concentrations per unit leaf mass (mg g -1 ) and the weight of green biomass 14 per ground area was used to obtain the total chlorophylls content (mg m -2 ). 15
CO 2 flux measurements 16
Continuous measurements of the net ecosystem CO 2 exchange (NEE) were made by the eddy 17 covariance (EC) technique (Baldocchi et al., 1996; Aubinet et at., 2012) at the six study sites 18 using identical instrumentation. The three wind components and the speed of sound were 19 measured using ultra-sonic anemometers, and CO 2 molar densities using open-path infrared gas 20 analyzers (IRGAs), as detailed in Tables 1 and S2 or Moore (1986) (Neustift, validation sites). Data gaps due to sensors malfunctioning or violation 28 of the assumptions underlying the EC method were removed and filled using the gap-filling and 29 flux-partitioning techniques as proposed in Wohlfahrt et al. (2008) . Ecosystem respiration (Reco) 1 was calculated from the y-intercept of the light response model (see eq. 4). Gross primary 2 productivity (GPP) was calculated as the difference between NEE and Reco. Half-hourly NEE 3
and GPP values were averaged between 11:00 to 14:00 solar local time (at the time window of 4 optical measurements) to allow for direct comparison with the hyperspectral data, and daily sums 5 were also computed. At each site the following supporting environmental measurements were 6 acquired: photosynthetically active radiation (PAR; quantum sensors), air temperature (Ta; 7 PT100, thermistor and thermoelement sensors), and humidity (RH; capacitance sensors) at some 8 reference height above the canopy, and soil temperature (Ts; PT100, thermistor and 9 thermoelement sensors) and volumetric water content (SWC; dielectric and time-domain 10 reflectometry sensors) in the main rooting zone. In this study we used CO 2 (4) to both day and nighttime data, which were pooled into 3-day blocks centered on the date of 8 the hyperspectral data acquisition. For each acquisition date, we then used Eq. (3) to derive GPP 9 at an incident PAR of 1500 µmol m -2 s -1 , referred to as GPP max in the following. 10
Hyperspectral data analysis 11
In order to explore the information content of the hyperspectral data for estimating CO 2 fluxes 12 (i.e. midday/daily average of NEE and GPP) and ecophysiological parameters (i.e. ,  and 13 GPP max ), we performed a correlation analysis between spectral reflectance indices (independent 14 variables) and these (dependent) variables. To this end, we derived spectral ratio (SR; Eq. (5)), 15 spectral difference (SD; Eq. (6)) and normalized spectral difference (NSD; Eq. (6)) indices using 16 all possible two-band (i and j) reflectance (ρ) combinations between 400 and 1000 nm (180600 17 combinations). These three formulations were selected since they represent the most common 18 equations used to compute vegetation indices (see Table 2 ). 19
Linear regression analysis was performed among all possible wavelength-combinations for all 23 three index-types (SR, NSD and SD) and the investigated dependent variables. 24
The performance of linear models in predicting dependent variables (i.e. carbon fluxes and 25 ecophysiological parameters) was evaluated by the coefficient of determination (R 2 ) and root 26 mean square error (RMSE). The coefficients of determination (R 2 ) resulting from the linear 1 models were visualized in correlograms as depicted in an exemplary fashion in Figure 1 . 2
We also calculated four SR-and seven NSD-indices which are commonly used in relation to 3 vegetation activity and CO 2 fluxes (Table 2 ). Figure 1 shows the location of these indices in the 4 waveband space of the correlograms. In this analysis, we also considered the Enhanced 5 Vegetation Index (EVI), which is one of the most frequently used vegetation index to predict 6 CO 2 fluxes. In the Fig. 1 the location of EVI is not shown since this index is computed by the 7 combination of three spectral bands as shown in Table 2 . 8
The robustness of the model selected on the basis of the best band combinations for all 9 ecophysiological parameters for each site and all sites pooled was tested by the leave-one-out 10 cross-validation technique. The predictive performance was expressed as the cross-validated 11 coefficient of determination (R 2 CV ) and the cross-validated root mean square error (RMSE CV ). In 12 addition, the capability of the selected models in predicting different ecophysiological 13 parameters was tested by applying the selected models to the validation dataset (Table S2)  14 composed by three different grasslands not used in the previous analysis. This dataset was 15 selected because the hyperspectral and flux data were collected by using exactly the same 16 protocol applied for the main dataset (see sect.2.1). 17
In order to explore the basis of the correlation between the selected band combinations and 18 ecophysiological variables (e.g. , GPP max , GPP, ) the relationship between the selected bands 19
and biophysical parameters such as dry phytomass, nitrogen and water content collected during 20 the field campaign in the same footprint of the hyperspectral measurements was examined. 21
Band selection based on the combination of random forests and genetic 22 algorithm (GA-rF) 23
In order to complement the more conventional analysis described in the previous section, we also 24 explored the use of a hybrid feature selection strategy based on a genetic algorithm and random 25 forests (GA-rF). The first method was used for the feature selection and the second one as 26 regression for predicting the target variables. First of all, the original dataset was aggregated to 27 10 nm bands in order to reduce the effects of autocorrelation in frequency space. The algorithm 28 generates a number of possible model solutions (chromosomes) and uses these to evolve towards 29 an approximation of the best solution of the model. In our case the genes of each chromosome 1 correspond to the wavebands. We made use of 5 genes for each chromosome in order to 2 overcome overfitting. Each population of 1000 chromosomes evolved for 200 generations. The 3 mutation chance was set to the inverse of population size increased by one. The fitness of each 4 chromosome was measured by applying the random forest algorithm (Breiman, 2001 ). This was 5 used as an ensemble method for regression that is based on the uncontrolled development of 6 decision trees (n=100). We opted for this method because of its demonstrated efficiency with 7 large datasets. In combining the two methods we choose the mean squared error as the target 8 variable to be minimized. (Fig. 6) . 29 (iv) The highest correlations for all dependent variables were found either for indices 1 combining bands in the visible range (VIS: <700 nm) or the red edge and NIR (NIR: >700 2 nm), corresponding to spectral regions used by indices such as the SRPI, NPCI, PRI and 3 NPQI, and the CI and WI, respectively. Spectral regions of well-known indices, such as 4 NDVI, SR, SIPI or GRI, which exploit the contrasting reflectance magnitudes in the visible 5 and NIR (Fig. 3) , resulted in comparably lower correlations. The correlation analysis between the conventional VIs, the midday CO 2 fluxes (Table 3) and  3 ecophysiological parameters (Table 4) , generally confirmed the results obtained with the 4 hyperspectral data. 5
For the same dependent variable (, GPP max , GPP,  and NEE), the performance of the various 6
VIs showed large differences between sites. For example, for GPP max all of the investigated 7 indices except NPQI resulted in significant linear correlations at Amplero, explaining 41-89% of 8 the variability in GPP max . In contrast, only NDVI, PRI, NPCI and SRPI showed a slightly 9 significant linear performance (17-26%) for GPP max at Neustift. 10
The different VIs performed differently in predicting the same dependent variable at the different 11 study sites. For all dependent variables (Tables 3, 4 and S1), the VI resulting in the highest R 2 12 values was never the same at all sites. Often the best fitting VI at one site resulted in a non-13 significant correlation at another site. Therefore, none of the dependent variables clearly emerged 14 as the one best predicted (Tables 3, 4 
and S1). 15
When data from all sites were pooled, models showed the same performance for the same VI and 16 dependent variable except for GPP and NEE. The best performing VI for GPP and NEE was 17 SIPI, NPCI performed best for , GRI for , SIPI for GPP max . 18
The choice of the averaging period (midday vs. daily) applied to  NEE and GPP did generally 19 not modify the ranking of the VIs, but the R 2 values tended to be similar or somewhat higher at 20 the daily time scale (compare Tables 3 and 4 with Table S1 ). The values of R 2 were always higher than the values of R 2 obtained for the other biophysical 22 variables (Tables 5 and S3 ). In Figure 9 , it is possible to see that, NSD-and SR-type indices for 23 the selected bands for estimating GPP (i.e. 996 nm and 710 nm) are strongly correlated with 24 canopy total chlorophyll content (R 2 > 0.80). 25 3.6 Band selection using GA-rF method 26 Figure 10 shows the results of the band selection based on GA-rF method. In particular, each 27 plot represents the frequency of the occurrence of each band in the genetic algorithm. 28
Overall, using the GA-rF method it was possible to identify portions of the spectrum that were of 1 particular significance for estimating specific properties of the different ecosystems. For 2 example, for predicting midday GPP (Fig. 10b) 
Amplero and bands at 530 nm for Neustift. 8 Figure 11 shows the results for the band selection by GA-rF methods for biophysical variables 9 (i.e. dry phytomass, nitrogen and water content). For the variables related to slow processes the 10 GA-rF method highlighted different bands for different sites; a much higher between site 11 variability for the variables related to ecophysiological processes (e.g. ,  and GPP max ) was 12 detected and we weren't able to identify common "hot spots". 13 Considering all sites pooled together (Figs. 4 and S1 ), NSD-type indices showed a very poor 16 correlation in the VIS vs. NIR band combinations (i.e. traditional "greenness" indices, see Table  17 2) with GPP. It is well-known in the literature (Rossini et al. grasslands (see Fig. 3 ). In fact, the different grassland structures (spatial distribution of 27 photosynthetic, and also non photosynthetic material, leaf angles, etc.) is affecting our ability to 28 use traditional indices to estimate fAPARgreen (and fluxes) when we consider different 29 grasslands together because the structural effects on scattering are very complex in the NIR 30 (Jacquemoud et al., 2009; Knyazikhin et al., 2012) . These results are of importance for the 1 community, which still relies a lot on these relationships, also favoured by the availability of 2 affordable narrow-band sensors that allow continuous monitoring of e.g. NDVI. These results 3 suggest that waveband combinations not exploited by presently used (conventional) VIs may 4 offer considerable potential for predicting grassland CO 2 fluxes, which has implications for the 5 design and capabilities of future space/airborne or ground-based low cost sensors. In particular, 6 these results also have a strong impact on our ability to up-scale grassland fAPARgreen and 7 carbon fluxes using upcoming sensors (e.g. Sentinel 2). 8
The evaluation of the models found for the main dataset against three new sites confirmed that 9 these models can be transferred to predict carbon fluxes and ecophysiological parameters for 10 similar grasslands (Fig. 8) . However, these findings also challenge the current practice in up-11 scaling to larger regions by grouping all grasslands into a single plant functional type (PFT). We 12 advocate more studies to be conducted merging CO 2 flux with hyperspectral data by means of 13 models which use a more process-oriented and coupled approach to simulating canopy CO 2 14 exchange and reflectance in order to explore the causes underlying the observed differences 15 between seemingly closely related study sites. It was demonstrated by many authors that the red edge domain, where reflectance changes from 10 very low in the absorption region to high in the NIR, is one of the best descriptors of chlorophyll 11 concentration. On the other hand, it is well known that the canopy structure can be a very strong 12 confounding factor. Our results confirm that this topic needs to be further investigated, as this 13 finding has a relevant impact concerning the use of Sentinel 2 to upscale fAPAR and carbon flux 14 observations. 15
It is interesting to see that the NSD-type indices in the NIR vs. NIR band combinations appeared 16
to be the best proxy for GPP fluxes when all the grasslands were pooled together. These results 17 can be linked to the controversial paper focused on the strong impact of structure on the ability to 18 estimate canopy nitrogen content (Knyazikhin et al., 2012) and confirm the need for more 19 studies in this direction. Good relationships were found between the NIR vs. NIR band 20 combinations (>750nm wavelengths) and fluxes; the physical basis of these relationships need to 21 be further investigated. In fact, it is important to highlight that the literature indicates that the 22 wavelengths in the NIR (>750nm) are not sensitive to chlorophyll content, but they are related to 23 leaf, canopy structure, and -around the 970nm area-to water. 24
As confirmed by comparing the correlation matrix approach with the GA-rF approach we 25 couldn't find a universal relationship between reflectance in specific wavelengths of the light 26 spectrum to biophysical properties of vegetation. We think that this is strongly linked to 27 vegetation structure effects. For this reason we believe that further research for disentangling the 28 impact of factors like bidirectional reflectance distribution function and scaling effects is 1 necessary. 2 3
Conclusions 4
The present study focused on understanding the potential of hyperspectral VIs in predicting 5 grassland CO 2 exchange and ecophysiological parameters (,  and GPP max ) for different 6
European mountain grasslands. 7
The major finding of this study is that the relationship between ground-based hyperspectral 8 reflectance and the ecosystem-scale CO 2 exchange of mountain grasslands is much more variable 9 than what might be supposed given this closely related group of structurally and functionally 10 similar ecosystems. As a consequence, the unique models of mountain grassland CO 2 exchange, 11
i.e. the best fitting models for all sites pooled, explained 47% and 68% of the variability in the 12 independent variables when established VIs and optimized hyperspectral VIs, respectively, were 13 used. Interestingly, VIs based on reflectance either in the visible or NIR part of the 14 electromagnetic spectrum were superior in predicting mountain grassland CO 2 exchange and 15 ecophysiological parameters compared to commonly used VIs which are based on a combination 16 of these two wavebands. The band selection based on GA-rF algorithm confirmed that is difficult 17 to define a universal band range able to describe ecophysiological parameters, carbon fluxes and 18 biophysical variables even for a closely related group of ecosystems. 19
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